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Abstract

A majorchallengefor facerecaynitionalgorithmsliesin
thevariancefacesundeigowhile changingpose Thisprob-
lemis typically addressedy building view dependentnod-
elsbasedon faceimagestakenfrom predefinecheadposes.
However, it is impossibleto determineall head posesbe-
forehandin an unrestrictedsettingsud asa meetingroom,
whele peoplecan move and interact freely In this paper
we presentan approad to poseinvariant facerecaynition.
We employGaussiammixture modelsto characterizehuman
facesand model posevariance with different numbes of
mixture componentsThe optimal numberof mixture com-
ponentdor ead personis automaticallylearnedfromtrain-
ing data by growing the mixture models.The proposedal-
gorithmis testedon real datarecoidedin a meetingroom.
Theexperimentalresultsindicatethat the nev methodout-
performsstandad eigenfaceand Gaussianmixture model
appmoades.Our algorithmachievedas muc as42%error
reductioncompaedto the standad eigenfaceapproach on
thesametestdata.

1 Introduction

While significant progresshas been made with face
recognitionsystemsin the last decade[11], the applica-
tion areasarestill severelylimited. Mostefforts concentrate
onthe“Facein the Crowd” problemwherea probefaceis
matchedagainsta potentiallyhugegallery of known faces.
Theinputimagesareusuallyof high quality with controlled
lighting conditionsdisplayingfacesin a restrictednumber
of views. While the galleriescontainfacesof thousand®f
differentpeople,individual modelsare usually built using
only a few pictures. Only recentlyresearcherhave begun
to work onsystemsgo identify peoplefrom videosequences
[7, 9]. Asidefrom theincreaseccomputationalemandof

areal-timesystem this taskis challengingdueto the vari-

ancecreatedby the interactionof peoplewith eachother
andthe surroundingervironment. We areinterestedn the
specificcontext of ameetingroomfor which we developed
anovel facerecognitionalgorithm[6]. In this work we ad-
dressthe problemof poseinvariantfacerecognition. We

proposea new algorithmfor the controlled growing of a
GaussiarMixture Model (GMM) which usesinputimages
labeledwith only thefaceidentity. Thealgorithmlearnsthe
optimalnumberof mixture componentgutomaticallyfrom

trainingdata.

The remainderof the paperis structuredasfollows. In
Section2 we giveanoverview of themeetingroomerviron-
ment. Section3 introduceghealgorithmusedto build face
modelsof the meetingparticipants.Section4 describeghe
databasef faceimagescollectedin our meetingroomand
theresultsof our experiments.Section5 concludeswith a
summaryof the presenteavork.

2 Meeting Room Environment

At the Interactve SystemsLabs we are developing a
multimodalmeetingarea[5] to continuouslytrack,capture
andintegratethe importantaspectf a meetingusingthe
JANUS speechrecognizeandamultimodalpersoridentifi-
cationmodule[13]. Theidentity of ameetingparticipantis
currentlydeterminedusingspealer identificationandcolor
appearancéentification. We expectthat we canincrease
therobustnes®f the personidentificationsystenby adding
facerecognition.

The automaticrecognitionof facesconstitutesa partic-
ularly challengingpatternrecognitiontask. This is dueto
the substantiachangesn appearancéacesundego with
differentillumination, orientation,scaleandfacial expres-
sions. The possibilitiesof restrictingthis variancein our
meetingroom are limited sincewe do not wantto instruct
the meetingparticipantso follow a specificbehaior. The



task of performingcontinuousfacerecognitionin a room
with morethanonepersoncreatesa numberof challenges:

e Low quality video input
Given a setnumberof camerasn fixed locations,a
wideviewing anglehasto beusedin orderto coverthe
whole scene.This resultsin relatively low resolution
imagesof thefaces.

e [llumination
Dependingon the headposeandthe positionof aper
sonrelative to the overheadights, theillumination of
thefacechangesramatically

e Unrestricted head pose and changing facial expres-
sions
Givenby the dynamicnatureof a meetingalmostary
naturalheadposeand facial expressioncan and will
occut

e Occlusion
Peopleconstantlymove their headsand handsduring
a meeting. This may resultin partor the whole face
beingobstructecby a hand,a pieceof paperor other
objectsattimes.

Comparedwith the remarkablehumanperformancen
recognizingfacesfrom pictures[14] it is surprisingto note
thathumansstruggleto identify peopleonlow quality video
if they arenotfamiliarwith thefaceshey aregivento iden-

tify [2].
3 Growing Gaussian Mixture Models
3.1 PCA Based Face Recognition

Amongthe numeroudacerecognitionalgorithmsintro-
ducedin recentyears,the eigenficeapproactproposedy
Turk andPentland12] is oneof the mostinfluential ones.
A faceimage,if interpretedasa vector, definesa pointin
a high dimensionalspace. Different faceimagessharea
numberof similarities with eachother, so the pointsrep-
resentingtheseimagesare not randomlydistributedin the
imagespace.The key ideaof the recognitionprocesss to
mapthefaceimagesinto anappropriatelychoserlower di-
mensionakubspacend performclassificationby distance
computationlf we restrictoursehesto alineardimension-
ality reductiontheoptimalsolutionis providedby principal
componentanalysis[1]. The basisfunctionsof the lower
dimensionalfacespace’areformedby theeigervectorsof
the covariancematrix of the setof trainingimagescorre-
spondingto the largesteigervalues. In the context of face
recognitiontheseeigervectorsarecalled“eigenfaces”.

3.2 Poselnvariant Face Recognition

The eigenficeapproachworks reasonablywell only in
‘mugshot’ settingswhere the input spaceis restrictedto
frontal faceimages. An extensionby Pentlandet. al [10]
dealswith the problemof multiple headposesby building
separateigenspacefr ninedifferentviews. In therecog-
nition stagethey first determinethe subspacevhich is most
representatie for the testimageandthenfind the closest
matchbetweerthis imageanda modelin the chosensub-
space.

A different approachwas proposedby Grahamand
Allinson [4]. They built a commoneigenspacérom faces
of all views and obsened that a facewhich continuously
changeposebetweerthetwo profile views formsa cornvex
curve in the subspace.Using a radial basisfunction net-
work they wereableto exploit this factandrecognizefaces
in previously unseenviews.

Cooteset. al [3] proposedActive AppearanceModels,
which combineshapeand gray-level appearance During
localizationagenericfacemodelis deformedao fit theinput
face.

For all methodghetraining stagerequiresmagesof the
subjectsfrom various predefinedviews. In our meeting
room environmentthe headmovementsof the participants
arecompletelyunrestrictedln orderto avoid alengthyreg-
istrationprocessatthebeginningof ameetingwe requirean
automaticlearningprocedurewvhich useswhatererimages
are available of a person. We would like to train the sys-
temwith a shortsequencef imagesfrom the beginning of
the meetingandthenupdatethe recognizeduring runtime
within our multimodalpeopleidentificationframework.

3.3 Growing Gaussian Mixture Models

Givenafaceimagex andclasses”;, we areinterestedn
the probability p(Cy|z), thatz belongsto classCy, where
eachclassrepresenta differentperson.Using Bayes'rule
we link the posteriorprobability p(Cy|z) to the classcon-
ditional probability p(z|C}). Assumingequalclasspriors
we candetermineghe mostlikely classfor animagez with
amaximumlikelihoodestimation

C* = argmaxp(C|z)
k

Q

argmax p(z|Ck)
k

We modelthe classconditionalprobability p(z|Cy,) with a
Gaussiamixturemodel:

M

p(@|Cr) =Y p(a]5) P(j) (1)

j=1



whereeachmixture componenp(z|j) is a Gaussiardistri-
bution with meany; andcovariancematrix X;:
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p(z|j) =

Given a predefinechumberof mixtures M the models
canbe trainedusing the EM algorithm[1]. The problem
lies in the determinationof M. The input to the recog-
nizeris comprisedf astreanof faceimagescapturedn the
meetingroom. As peoplemove freely aboutthe roomary
headposecanoccur The numberof differentmodelcate-
goriesandthereforethe optimal choiceof M is unknown.
To addresghis problema growing schemefor the GMM
wasimplemented.

The processs initialized with a single mixture compo-
nentfor eachmodel computedfrom the samplemeanand
covariancematrix of the training set. In orderto reduce
thenumberof parametershathave to be estimatedn each
step,diagonalcovariancematrices:; = aJ?I areused.As
we performprincipal componentnalysisprior to recogni-
tion we canassumehatthedifferentfeaturedimensionsare
uncorrelated.

Thealgorithmthenproceedsn two steps.During boot-
strappinghetrainingsamplesreevaluatedusingthemodel
for the respectie classonly. From a pool of sampleswith
low probability we randomlydraw a vectoranduseit asa
seedpoint for a Gaussiammixture. Thetraining setis clus-
teredaccordingo the previousmeanandthe new seedpoint
usingneuralgasclustering[8], which is an extensionto k-
mean<lustering.

The model parametersare then re-estimatedusing the
EM algorithm. After two bootstrappingterationsthe al-
gorithm trains the modelsdiscrimatively. It evaluatesthe
training sampleausingall modelsandrecordsthosewhich
are misclassified. From the misclassifiedsamplesthe ex-
amplewith the highestprobability is usedas the starting
point for a new Gaussiarmixture. The sameprocedureof
re-clusteringandparametere-estimationis theniteratively
applieduntil a local minimumin the numberof misclassi-
fied sampledfor eachmodelis found. Figure 1 shows an
overview overthetrainingprocedure.
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Figure 1. Overview of the training procedure .

4 Experiments

In orderto evaluateour approactwe recordedaninternal
groupmeetingand hand-labeledhe facelocationof seven
participants. Someexamplesof the imagesacquiredare
shovnin Figure2.
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Figure 2. Examples from the dataset.

Theimagesn thedatasevaryin sizebetweerl8x24and
38x50pixels. Priorto featureextractionandrecognitionthe
imagesare normalizedfor size usingbilinearinterpolation
andprocessevith standargreprocessingrocedureghis-
togramequalization lighting correction,normalizationto
zero meanand unit variance). The imagesare then pro-
jectedinto a lower dimensionaleigenspaceising a set of
genericeigenfices.We build non-overlappingtrainingand
testsetsof faceimagesfrom the beginning andthe end of
themeetingsimulatingthe planneduseof the system.

Table 1 comparesthe recognition rates of the grow-
ing Gaussiamixture modelwith two standardalgorithms
basedon 500 training and 200 testimagesfor eachof the
seven models. The first alternatve procedureémplements
the corventionaleigenticeapproachwherethe eigenspace
representationsf all trainingimagesareaveragedo a sin-
gle model vector The secondalgorithm usesa “static”
Gaussiarmixture modelwith a varying, fixed numberof
mixtures.Our algorithmoutperformsbothmethods.

Figure 3 shows the recognitionratesfor variousnum-
bers of mixture componentdor the static Gaussiarmix-
ture model comparedwith the other algorithms. For all
numbersof mixture componentshe discriminativly grown
GMM achieveshigherrecognitionratesthanthe staticmix-
ture model. Finally, in Figure 4 the recognitionratesfor
differentnumbersof trainingimagesareshovn. Our algo-
rithm consistentlyperformsbest.

5 Summary

This paperpresenteda new algorithm for growing a
Gaussiamixture modelto recognizefaceimagesacquired
in arealworld environment. Resultsobtainedon datacol-
lectedin our meetingroom demonstratehat the new al-
gorithm outperformstraditional approaches.Future work
will combinethis algorithmwith our previously introduced



| Algorithm | RecognitionRate |
Growing GMM 75.79%
GMM (11 Mixtures) 70.14%
StandarcEigenface 58.07%

Table 1. Recognition rates for the diff erent al-
gorithms.
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Figure 3. Recognition rates for diff erent num-
bers of mixture components in aconventional
Gaussian Mixture Model.

facerecognitionalgorithm[6] and evaluateit on faceim-
ageswith varying degreesof occlusion,as typically seen
in our meetingroom environment. Work is underway to
integrateboth algorithmswith a facetracker andour multi-
modalpeopleidentificationsystem13].
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